This paper carries out an empirical analysis of the sensitivity of the Irish economy to an unanticipated external demand shock using a Bayesian VAR model which includes a number of Irish macroeconomic variables such as GDP, unemployment and wages. A 1% increase in US GDP growth leads to an increase in Irish GDP growth of 1.3% in the model. We also assess the relative importance of demand shocks in Ireland's other key trading partners, the UK and the euro area. The Irish GDP response to shocks in our main trading partners is roughly proportional to our export shares to these regions. We feed the results of the VAR analysis into a mortgage delinquency model to derive the implication of changes in external demand on mortgage delinquency. The results suggest that a negative one standard deviation shock to US GDP growth leads to an increase of 1600 in the number of mortgages in arrears for at least 90 days.
Introduction
Having recorded real average GDP growth of 7.1 per cent over the period 1995 to 2007, the Irish economy has experienced a dramatic reversal of fortunes in recent years. In cumulative terms, real GDP contracted by 14 per cent over the period 2008 to 2010. Using GNP in current prices as a measure of the size of the economy indicates that at the end of 2010, the economy was almost one-quarter smaller than at its peak in 2007. With domestic demand likely to remain sluggish over the short-term, as a result of ongoing household sector deleveraging, contractionary fiscal policy and a weak banking system, there is a consensus among a range of domestic and international forecasters (Central Bank, ESRI, IMF, European Commission, 2011) that the recovery in the Irish economy will be export-led. The ability to forecast future Irish economic performance is dependent on understanding the sensitivity of the Irish economy to changes in the fortune's of Ireland's main trading partners.
The contribution of this paper is threefold. It uses a Vector Autoregression model (VAR) to examine the responsiveness of the Irish economy to an external demand shock and whether this has changed over time. We also use the model to obtain estimates of the relative importance of changes in demand in Ireland's key trading partners (the US, the UK and the euro area). Finally, we feed the results of the VAR analysis into a mortgage delinquency model to derive the implication of changes in external demand on mortgage delinquency.
Obtaining an estimate of the sensitivity of the economy to an external shock is important for a number of reasons. Firstly, given the openness of the Irish economy, understanding how changes in world demand are transmitted to Ireland can provide important insights into the evolution of the economy in the coming years. Secondly, the VAR model provides a consistent framework which can be used to trace the effects on key macroeconomic aggregates of an external demand shock. By feeding the results from the VAR model into a satellite loan delinquency model, the implications of the external shock for the financial system can also be assessed. Our results show that the Irish economy is highly sensitive to changes in external demand and that the elasticity with respect to world output has increased over time. In addition, when the model is used to compare the relative importance of Ireland's main trading partners, the response of Irish GDP is closely related to our relative export shares but some results indicate that the US response is greater than our export share alone would suggest. The basic VAR model specified in this paper is built for the specific purpose of examining the response of the Irish economy to an external demand shock. However, a well specified and rigorously tested VAR model of the Irish economy could be used to fulfil a number of functions. Given the recent financial crisis, there has been much effort aimed at incorporating financial considerations into models of the real economy. We extend the basic VAR to include financial variables which are needed for stress testing purposes. The results of the external scenario analysis from the VAR are fed into a satellite model to assess the implications of the macro scenario for mortgage delinquency.
Although the exposition is for illustrative purposes, the model provides an example of how changes in the macroeconomy can be linked to financial variables.
The paper is organised as follows. Section 2 describes the open nature of the Irish economy.
Section 3 discuss how VAR models of this type have also been used in the literature. Section 4 provides a detailed account of the data and the methodology. Section 5 documents the economy's sensitivity to a world demand shock in the VAR model. Section 6 compares the importance of our main trading partners. In Section 7, the results from a scenario generated using the VAR model are fed into a satellite model of mortgage delinquency to assess the implications for arrears in the Irish mortgage market. Section 8 concludes. While the VAR model developed in this paper is used for the purpose of measuring the response of the economy to an external demand shock, macroeconomic VAR models are used extensively, in particular by central banks, in the area of macro stress testing of financial sector credit risk. The first step in the stress testing process is the development of a coherent stress-test scenario. The use of large macroeconomic models to design the stress scenario has the advantage of ensuring consistency across the simulated values in the scenario. However, scenarios generated using these models are also subject to the choice of underlying assumptions and it can prove difficult to decide on the policy responses, baseline assumptions, the time horizon and the specific variables to shock. In addition, a well defined and fully developed macroeconomic model may not be available to generate internally consistent shocks. As a result, the approach adopted by many central banks, and documented in the literature, is to use vector autoregressive (VAR) or vector error correction models (VECM).
The Openness of the Irish Economy
In the VAR model, the macroeconomic variables are jointly affected by the initial shock and the vector process is used to trace the combined impact of this initial shock on the set of macroeconomic variables.
The VAR methodology allows for a transparent and consistent way of generating stress scenarios although it lacks the richness and detail on the economic structure which large macroeconomic models embody. A number of papers use the VAR approach to generate macroeconomic scenarios. 
Data and Methodology

Data and Variable Selection
In constructing the VAR it is necessary to decide on the choice of variables which can capture the key interactions in the Irish economy. Since the basic version of the model will be used to examine the impact of a world growth shock, the specification of the VAR is tailored in order to incorporate the channels through which developments in the world economy affect Ireland. In deciding on the measure of external demand to include in the VAR, we draw on the results of previous research on the Irish The aim of the analysis here is not to pin down all predictability within the system or to highlight specific results. Instead, the aim is to demonstrate that the variables interact with each other in a meaningful way. The significant entries are well distributed by row and column. This shows that there are a lot of direct relationships between the variables and, as mentioned, this is without accounting for indirect relationships. As such, there is strong empirical justification for the variable choice.
The Bayesian VAR
A standard VAR model with up to nine variables estimated with quarterly data over the sample available would suffer from degrees of freedom problems. In short, there would be too many parameters to estimate. This leads to the known problems of high estimation uncertainty, overfitting and poor out-of-sample forecasts. One way of dealing with these problems is to use the Bayesian approach to estimation. The Bayesian approach introduces priors to the estimation process. A prior is a value for a parameter in the model, specified by the researcher before seeing the data. A number of priors are commonly used when estimating VAR models. The prior used in this paper is frequently referred to as the Minnesota prior.
1 In a VAR model of order s
Our aim is to "shrink" the coefficients towards the following naive model
In this model, the diagonal coefficients of B 1 are equal to unity and all other lag coefficients are set equal to zero. The number of parameters has been reduced greatly as all coefficients beyond the first lag are now gone, as are all non-diagonal coefficients in the first lag. In practice, the naive model is not imposed. The final model, which combines the prior with the likelihood (the estimated part), only pushes the results in the direction of this naive model. If there are lags which the data find to be important, they will not be close to zero. Unimportant lags will be close to zero. This reduces the impact of unimportant coefficients, has the desirable effect of avoiding over-fitting and also results in smoother impulse response functions.
The naive model is a random walk model in each of the variables in the VAR. This does not mean that the variables in the VAR must be non-stationary or that we are trying to impose nonstationarity on stationary variables. It does presuppose that the variables are persistent however.
1 A proliferation of terminology means that it is also referred to as the Litterman prior or the random walk prior.
We put the nine variables included in the extended VAR in individual AR(1) models. The lowest AR coefficient is 0.73 and the average persistence in the nine regressions is 0.87 so the assumption of high persistence is a valid one in this application. 2 The shrinkage towards the naive model is done using the following prior: s α , where α is normally set equal to one. As s gets bigger, this fraction gets smaller and so the prior is imposed more tightly. This means we impose the restriction that the lag coefficient equals zero more stringently the further back we go in terms of lag length. The final element σi σj is just a relative variance factor that adjusts for the units that the variables are measured in. In short, the prior says that we think the series are persistent, we are more concerned with own lags rather other variable lags (diagonal B 1 ) and we are more concerned with recent lags than older lags. This prior has been found to work well in many empirical applications.
The ultimate aim of Bayesian analysis is to find the posterior distribution. The posterior can be thought of as our belief of the distribution of the "true" parameters having seen the data. The concept differs from classical analysis, which deals with the distribution of the estimator rather the true paramater.
3 In theory, the posterior is found by multiplying the prior by the likelihood. The likelihood is the model that we choose to estimate, again based on some distribution for the data generating process. A VAR model already has a well defined conditional likelihood function, based on the assumption of normally defined residuals. We also had a normally distributed prior. This makes the theoretical multiplication of the prior and likelihood easier as it involves the multiplication of two normal distributions. In this situation, however, there is an even easier alternative estimation method known as Theil's mixed estimation strategy. The formula for the posterior distribution of the parameters is given byB
where Ω measures the variance of the prior and b is the peak of the prior. Note that if we set these terms which relate to the prior equal to zero, we just have the standard OLS formula for the coefficients. Thus, the posterior is a weighted average of the OLS estimate (equivalent to our likelihood function) and the prior, with the weight on the prior given by the prior variance. The implicit weight on the OLS part depends on how tightly the parameters are estimated, which depends in a large part on the number of data points in the sample. This representation suggests a simple way to proceed with Bayesian estimation. It is possible to pad the dataset with artificial or dummy observations at the end of the sample to represent the prior. For an artificial point in time t * , add the artificial observations
which is centred on the unit root case. We can then apply standard OLS estimation to the padded dataset. The amount of artificial data determines the tightness of the prior. If we have 200 actual data points and do not believe strongly in the prior, we might add five artificial data points. Our OLS estimates will not be heavily influenced by the prior in this case. If we believe in the prior 3 In classical analysis, we construct a confidence interval and says that the true parameter will lie within that interval a certain percentage of the time, based on the concept of hypothetical repeated sampling. The only information used in Bayesian analysis is the prior and the data. Bayesians are not concerned with other samples that may have been observed but never were. As there is no concept of hypothetical repeated sampling, the posterior distribution is said to reflect the true parameter value. This is consistent with the prior, which is our belief of the true parameter before seeing the data.
quite dogmatically, we could add 1000 artificial data points in which case the influence of the data is quite limited.
Results
In for each period. This is equivalent to measuring the area under the impulse response curve. To calculate an elasticity, we then calculate the ratio of the cumulated response of the Irish target variable over the cumulated US GDP response, which is the ratio of the area under the Irish curve to the US curve. This elasticity is then rescaled so that it is expressed in terms of a 1% shock to US GDP growth. The US shock is not a one-period shock. There is a shock in the initial period and its effect slowly diminishes over time in accordance with the autoregressive dynamics of US GDP growth in the system. The properties of the US shock are discussed in Appendix A.5 and the impulse response can be seen in Figure 4 . The results are presented in Table 2 . In the VAR model, the main channel through which the positive shock to US GDP impacts on the Irish economy is through exports. Given the openness of the Irish economy, with the bulk of Irish manufacturing output and a growing share of services output being destined for the export market, the positive shock to US GDP leads to a significant increase in Irish exports in the VAR model.
The elasticity of total Irish exports with respect to the change in US GDP, derived by summing the impulse responses, is calculated as 1.6. The overall effect of the shock is to increase GDP by almost 1.3 per cent with over two-thirds of this increase due to the increase in exports ( Figure 5 ).
The increase in output and activity as a result of the increase in exports has a large effect on the labour market ( Figure 6 ) with the reduction in the unemployment rate amounting to over 5 per cent. To clarify, this means that the unemployment rate will be 95% of it previous value so that if unemployment was 12.0% before the shock, it would be 11.4% after the shock. This represents a 5% reduction in the level of unemployment. Overall, the impulse responses shown in Figures 5 and   6 for output, exports, employment are similar to the effect of a shock to external demand generated using the HERMES model.
The impulse responses for Irish output, employment and wages display a hump shaped pattern with the peak effects occurring 1-2 years after the initial shock. The peak output effect does not take place for around 6 quarters after the shock as it takes time for firms to adjust their output in response to higher world demand. Activity in the economy begins to moderate then in response to higher wage rates. In the HERMES model, an increase in employment and a reduction in the unemployment rate consequent on higher economic activity put upward pressure on real after tax wage rates. This loss of competitiveness over time gradually dampens the initial positive impact of the demand shock. The impulse responses illustrate that a similar effect is also at work in the VAR model with upward pressure being placed on Irish wage rates following the positive shock to world output.
A number of robustness checks are carried out in Appendix A. The VAR is estimated over two subsamples and there is evidence that the sensitivity of the Irish economy to external shocks has increased over time but the key transmission mechanisms remain unchanged. The results are not sensitive to small changes in the number of lags or the order of differencing. The ordering of the domestic variables in the VAR is changed but this also has little impact on the results. We make the US growth shock fully exogenous so that Irish macro variables cannot impact on US GDP growth but the results are not sensitive to this restriction. Finally, we estimate the VAR with the standard OLS approach rather than the Bayesian approach. Although the results differ somewhat, we argue that the results from the Bayesian approach are more plausible. More details on all these sensitivity checks are provided in the Appendix.
Comparison to Other Trading Partners
The analysis undertaken thus far has concerned the response of the Irish economy to a US shock.
In this section, we compare the results obtained by measuring the reaction to the same shock to the UK economy and to the euro area. This will allow a comparison of the responses to the other main Irish trading partners. The VAR model used is exactly the same as that used for the US growth application, both in terms of the variables included and the specification of the model. The only difference is the inclusion of UK GDP or euro area GDP (which is fixed as the sum of the 17 countries currently in the euro) in place of US GDP in the original model. The UK elasticities all have the expected sign, as was the case with the US. In terms of the magnitude of the responses, they are generally about two thirds the strength of the response to the US GDP shock. For example, the GDP elasticity is 0.81 for the UK whereas the corresponding figure This is quite an elastic response. As with the other shocks, exports are a key driver.
The size of the GDP responses to the foreign shock in each of the different scenarios tallies quite closely with the amount Ireland exports to each of these areas. The GDP elasticity for the US shock is 59% greater than the UK elasticity and CSO trade figures show that Irish exports to the US are about 50% larger than exports to the UK, according to trade statistics for 2010. Similarly, the GDP response for the euro area is 94% greater than the US response but Ireland exports 85% more to the euro area. The VAR results mimic our current trade patterns very closely. This gives us confidence that the VAR is capturing the external trade shock adequately. In addition, the elasticities give us an idea of the relative importance of our main trading partners in terms of leading an export driven recovery.
The size of the unemployment response in each region is broadly related to the size of the GDP response for that region although there is some difference in the sensitivities. For example, if we divide the unemployment figure of -5.32 for the US shock by the corresponding GDP number of 1.29, the resulting figure of 4.12 implies that every percentage point increase in GDP growth from the US shock should reduce unemployment rate growth by 4.12%. The corresponding elasticity for the euro zero is 3.45, suggesting the employment response is a bit less elastic for the same size GDP response, which might be explained by our strong ties with the US. The UK elasticity is 4.9, meaning that employment is more elastic for a given GDP response if the shocks is UK based. This finding is consistent with the nature of Irish exports to the UK which come from sectors which tend to be quite labour intensive.
Macro Stress Testing Using the VAR Model: An Application to Loan Delinquency
As discussed in Section 3, VAR models have been widely used by central banks as part of a multistage stress testing process. The first stage requires an adverse macroeconomic shock. In the second stage, the macroeconomic variables are mapped to key financial sector variables using satellite models of asset quality, credit losses or other measures of financial sector credit risk. We illustrate this approach to stress testing by applying the results of a negative external demand shock from the VAR model to a satellite model of loan delinquency. The model is a simplified variant of the delinquency model in a forthcoming paper by Lydon and McCarthy (2011) . This application is intended to illustrate the way in which macro shocks can be linked to financial variables. However, this work is preliminary so the methodology and results should be viewed in that light.
Stage 1: Generating Stress Scenario
We generate the macro scenario in the first stage using the extended version of the VAR model described in Section 4 which includes financial sector variables. For the stress testing application, we examine the response of the economy to a negative one standard deviation shock to US GDP.
Since the model is symmetric, the response of the key macroeconomic aggregates to this negative shock mirrors the results presented above but with the opposite signs. The inclusion of interest rates, credit and house prices in the extended model does not have a major impact on the response of the key macroeconomic aggregates compared to the results from the benchmark model, as shown in Table 4 . Assessment Review (PCAR) 2011. The purpose of the PCAR was to stress test the domestic banks in order to determine the cost of recapitalisation required to meet standards imposed by the CBI.
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As part of the PCAR process, the Central Bank outlined a baseline scenario and a stress scenario for a range of macroeconomic variables. We take the baseline profiles for house prices and the unemployment rate from the PCAR process and adjust them according to the results of negative external demand shock. Figure 7 shows the projections for house prices and the unemployment rate which were used for the PCAR process together with the new adjusted profiles.
Stage 2: Mapping the External Shock onto Loan Delinquency
We take the projections for house prices and the unemployment rate from the first stage and feed them into a satellite model of loan delinquency in the Irish market in the second stage. The delinquency model is estimated using monthly loan level data for eight regions of Ireland for the period June 2008 to December 2010. These data became available arising out of the stress-testing exercise carried out by BlackRock Solutions and the Central Bank of Ireland on financial institutions in early 2011. The loan book data contains information on the original amount of the loan advanced, the term of the loan, the interest rate tpye (fixed, variable or tracker), income of the borrower at the time of origination and the location of the property for which the loan was granted. We construct a panel for estimation purposes by pooling together the loan book data for each of the regions. With eight regions and thirty one months of data for each region, the total sample size is 248.
A simple long-run OLS model of the form represented by the equation below is estimated where the dependent variable, A90, is the percentage of total loans more than ninety days in arrears. The key independent variables are housing equity, e, defined as the outstanding loan balance minus the curent value of the property, the unemployment rate, ur, and its one-year lag and the ratio of the loan repayment to borrower income lti. All variables are expressed in log terms. In addition to these key variables, seven regional dummy variables, D r , are included to account for differences in delinquency rates across regions while time dummies, D t , are included to account for seasonality.
The inclusion of these variables mirrors the approach taken by BlackRock Solutions whose framework included variables such as the loan-to-value ratio, loan age, affordability and the unemployment rate which are predictive in forecasting loan delinquency.
The estimated regression coefficients from the delinquency model show the expected signs with the percentage of loans more than ninety days in arrears found to be positively related to the unemployment rate, the repayment to income ratio and the equity variable (higher negative equity increases the percentage of delinquent loans). The estimation results indicate that the unemployment rate is a key driver of loan delinquency in this model with a one per cent increase in the unemployment rate leading to a 1.02 per cent increase in the percentage of total loans more than ninety days in arrears. The full estimation results are reported in Appendix B.
We feed the projected values for house prices and the unemployment rate under the stress scenario into the delinquency model to assess the impact of the external demand shock on arrears in the mortgage market. The negative external shock reduces house prices, which in turn affects the equity variable in the satellite delinquency model. The shock also increases the unemployment rate, which is a key driver of arrears in the satellite delinquency model. Figure 8 shows the implications of this scenario for mortgage delinquency in the Irish market. As a result of the negative external shock affecting house prices and the unemployment rate, the percentage of total loans greater than 90 days in arrears would be close to 0.2 of a percentage point higher than projected by the model when the PCAR baseline macroeconomic projections are used (Figure 8 ). With current estimates indicating that the total number of mortgages in Ireland is around 800,000, this would equate to around 1600 additional mortgages in delinquency.
This application illustrates how the macro VAR model developed in this paper for the purpose of generating an external demand shock can be used in conjunction with a satellite model of loan delinquency as part of a coherent stress testing process. For the purpose of the application described here, two of the variables from the macro stress scenario (house prices and the unemployment rate)
were used in the satellite delinquency model in the second stage of the stress testing process. Further refinements to the satellite model would allow the impact of other variables from the macro model, such as interest rates, to be transmitted to mortgage delinquency.
Conclusions
This paper examines the response of the Irish economy to a shock to external demand using a VAR Finally, we provide a tentative illustration of how the VAR model developed in the paper could be used as part of a stress testing process. We incorporate the projections from the stress scenario into a satellite model of mortgage delinquency. The results from the VAR are used to adjust the baseline outlook for unemployment and house prices from the last stress testing exercise. The effects of these changes are then traced through to mortgage arrears. We find that a negative one standard deviation shock in US GDP growth leads to an extra 1600 mortgages falling into arrears greater than 90 days.
A Appendix: Sensitivity Analysis
In this appendix, we examine the robustness of the impulse response functions obtained in the previous sections to changes in the sample period, the number of lags in the VAR, alternative ordering of the variables and changes in the degree of differencing. We also report results from standard VAR estimation. Overall, while the magnitude of the estimated impulse functions change in some cases, changes in model specification do not have a major effect on the benchmark model. Table 5 shows the results when the VAR is estimated over two subsamples from 1980 to 1999 and from 2000 to 2010. The elasticity of Irish GDP in responses to changes in US output is higher in the latter period indicating that the sensitivity of the Irish economy to changes in US growth has increased over time. This may reflect the internationalisation of the Irish economy over this period and the fact that the traded services sector, in addition to traded manufacturing, is now a key channel through which developments in the world economy impact on Ireland.
A.1 Sample Period
The most striking figure from the subsample analysis is the change in the unemployment elasticity, which is -2.8 in the first period but -8.0 in the second. The growth in the unemployment rate is the variable used in the analysis as the unemployment rate in levels is non-stationary. Unemployment rate growth is stationary according to standard statistical tests although the series is far more volatile at the end of the sample relative to the beginning of the sample. The variance of the series during the last ten years of the sample is over three times higher than the first ten years. Furthermore, there is a doubling of the covariance between unemployment and US GDP from the first to the second subsample. Meanwhile, the variance of US GDP growth is quite stable over the entire.
Given that the VAR coefficients will reflect the covariance of the two variables over the variance of US GDP, a stronger coefficient and elasticity should be expected in the second subsample. Ireland was still relatively small. This situation changed dramatically over the following thirty years and in this way the change in the elasticity reflects changes in the structure of the economy.
A.2 Number of Lags in the VAR
We examine the impulse response functions of the key macroeconomic variables in the VAR model using different lag lengths p; p = 1, p = 2, p = 3. The choice of lag length does not have a major impact on the benchmark results from section 3. The impulse response functions generally have broadly the same shape and peak effects around the same dates.
A.3 Ordering of the Domestic Variables in the VAR
A standard Choleski decomposition is used in the VAR, which imposes a certain ordering on the variables. The ordering of the domestic variables in the VAR system was changed to test the sensitivity of the responses. The shape of the impulse response functions are very similar for all variables regardless of the ordering system used for the domestic variables. The ordering of US GDP before the other variables in the VAR implies that US GDP affects all of the other variables in the system but is not itself affected by innovations in the other variables in the initial period. The imposition of this strict open economy assumption that domestic shocks (in Ireland) have no effect on the world economy (here proxied by the US) is an approach which has been adopted in other studies where VAR models are estimated for SOEs, for example Linde (2003) for Sweden. We also estimate a version of the model in which we make US GDP growth exogenous so that changes in the Irish economy are not allowed to impact on US GDP. This change has no impact on the results. This is not surprising as the priors implemented in the VAR partially implement this restriction in the sense that they downplay the importance of cross lags and increase the importance of own lags.
A.4 Order of Differencing
We test the sensitivity of the model to changes in the order of differencing. The benchmark model is estimated taking fourth differences of the variables to account for seasonality effects in the underlying quarterly data. We estimate the model using first differencing and compare the results to those obtained using the benchmark specification. Overall, the impulse response functions to the shock to US GDP are robust with respect to the degree of differencing used. The Irish GDP elasticity falls slightly and there are marginal changes to the magnitude of some of the elasticities, however the overall pattern of results is similar to those produced using the benchmark model and the impulse response functions have broadly the same shape.
A.5 Standard VAR Estimation
One final sensitivity check carried out is to estimate the VAR model using standard VAR techniques in place of the Bayesian approach. finds that the US response to its own shock is driving this increase in the elasticities. Figure 4 plots the response of the US GDP to its own shock using both estimation techniques.
The responses are very similar on a qualitative basis. The US GDP response in the BVAR model slowly falls towards zero after the initial shock but remains above zero. In the standard VAR, GDP also falls after the initial shock but the fall is a bit quicker and after 2 years the responses remains at a low and negative level. When the responses are cumulated, this persistent negative component at the end of the response significantly lowers the total positive US GDP response in the standard VAR.
As this cumulated response is the denominator for all the elasticities, the corresponding elasticities are higher as a result. If we take the cumulated Irish GDP response in the standard VAR, it is only 11% different from the BVAR response. Thus, there is very little difference in the numerator of the elasticity. Similarly, with a lot of other variables, the difference in the cumulated response is not that large so the numerator is not changing significantly but the denominator effect pushes up the elasticity. We argue that the BVAR response of US GDP is the more plausible.
Following an initial positive shock, one would expect US GDP to slowly return to zero, which is what we see in the BVAR model. The BVAR coefficients on US GDP suggest that it mainly responds to its only lags but there is also some sensitivity to interest rates and oil prices. Irish variables, as expected, exert no influence on US GDP in the BVAR. In the standard VAR, there is an overshooting response so that US GDP falls below zero after eight quarters. Inspection of the standard OLS coefficient estimates finds that US GDP has a slight negative response to changes in Irish GDP. The positive Irish GDP response leads to a negative feedback in the system. We do not believe that Irish variables could exert an influence of this magnitude on US GDP. In addition, the BVAR finds that this response is insignificant and pushes the coefficients back towards zero. We consider this BVAR response and the associated elasticities to be more credible.
B Appendix: Delinquency Model
This Appendix contains the detailed estimation results from the satellite delinquency model discussed in Section 7. The model is used to illustrate the impact of the external demand shock carried out in the macro VAR model on loan delinquency in the Irish market. The estimated coefficients from the delinquency model are shown in Table 1 with the estimated standard errors in brackets. 
